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Abstract: With vast and fast development of information technology in our daily life plays an important role. Storing 
significant information is a big challenge for researchers. Face recognition is one of the most important fields in information 
technology where storing minimum significant information and accurate recognition is most challenging. This paper proposes 
an idea of Daubechives wavelet based with modified Local Binary Pattern (LBP) for face recognition with minimum 
significant information. Applying various Daubechive wavelets with single level decomposition, by considering only the 
approximation wavelets co-efficient reduces the storage capacity and gives significant information. Then modified LBP is 
applied on significant wavelet coefficient for simple, fast and accurate face recognition. Proposed work shows higher 
percentage of face recognition rate by using lesser features with effective threshold. 
© 2016 The Authors. Published by Elsevier B.V. 
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1. Introduction 
Biometric is a study of recognising human based on physical or behavioural traits. Among different 
biometric traits, face recognition receive great amount of attention in present scenario. Extracting discriminate 
information from an image is one of the key components, for biometric system particularly in face recognition. 
The commonly used algorithms are principal component analysis (PCA), Gabor phase encoding and Local Binary 
Pattern (LBP) for feature extraction. The LBP based method has more advantage in face recognition1. LBP was 
originally proposed as a texture descriptor with simple and fast to compute 2,3. 
PCA: Principal component analysis is a multivariate technique where analyses of face data are described by 
several inter correlated dependent variables. The goal of PCA is to reduce the dimensionality of data while 
retaining the variation present in the dataset. The key idea of the PCA method is to find the vector that best 
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account for the distribution of face images within the entire m×n image space. PCA subspace is defined by the 
Eigen vectors of the covariance matrix and in this subspace 8,11. 
Gabor phase encoding: The Gabor filter is used to simultaneously capture spatial and frequency information to 
overcome a signal represented either in the time or frequency domain. A filter capable of simultaneously 
capturing spatial and frequency information plays an important role in numerous systems as a feature extractor. 
Magnitude, phase and orientation are the three basic features produced by Gabor filter. Face recognition based on 
phase encoding plays important role. Gabor phase encoding used in face recognition suffers with drawback of 
storing huge amount of data to analyse 12,15,16,17. 
1.1 Local binary pattern: LBP is one of the old and most popular local feature based method proposed by Ojala 
et al. It is basically used for texture description and first time Ahonen et al applied for face recognition6. Later 
some authors developed LBP only for recognizing human faces. For example Yang et al3,4 applied LBP for face 
recognition with hamming distance constraint. Chen et al5,7 used statically LBP for face recognition18 
.  
1.2 Discrete wavelet transform: DWT is used in the field of face recognition. The main reasons for its usage are 
to maintain the significant information in low frequency region, and the great flexibility for choosing its basis 
functions with low computational complexity. DWT is a signal analysis method of the time scaling and shifting, 
it’s an advantage for multi-resolution analysis. DWT is a time frequency localization analysis which has the 
capacity of local features in the time domain and frequency domain. It has fixed window but the shape of its time 
window and frequency window can change. With wavelets one can analyse low frequency components of the 
signals with high frequency resolution. Simultaneously looking at high frequency components with high time 
resolution7,9,10 . 
The wavelet transform represents information in terms of the wavelet basis. These are formed through scaling and 
shifting a single function called the wavelet function. The wavelet transform provides a combination of time and 
frequency localization. This localization is important for non stationary data. The DWT yields a compact 
representation of features without a prior knowledge of data statistics13 . 
There are two main wavelet functions one Haar wavelet (Db1) an another Daubechives wavelet (DbN). Db1 is 
the oldest and simplest wavelet function and it compactly supports orthogonal and discontinuous wavelets, which 
makes an exception from the other wavelet function. DbN are commonly supported orthogonal wavelet, where N 
denotes number of vanishing moments. Db1 is discontinuous with increasing N and the regularity also increases. 
Some of DbN’s are less from symmetry; others are very far from symmetry. Db1 have explicit expression where 
as DbN doesn’t have any explicit expression14. 
 
2. PROPOSED METHOD 
Degradation of an image, different face poses, keeping necessary information in an image are the main 
challenges for face recognition algorithms. To achieve better recognition rate and the significant feature 
extraction requires effective pre-processing before face recognition algorithm. Discrete wavelet transform is the 
one of a major pre-processing method to extract significant information in an image. Daubechive wavelets are 
used to extract only approximation co-efficient with single level decomposition to reduce the information for face 
recognition algorithms as shown in the Figure (1) 
346   Shivakumar Dalali and L. Suresh /  Procedia Computer Science  93 ( 2016 )  344 – 350 
.  
Figure 1. Chart to describe basic decomposition steps for images. 
2.1. Modified LBP 
LBP operating on each pixel, it requires more computations and memory to store significant features for face 
recognition [1]. This paper focuses on effectively to reduce computations and storage by modifying existing LBP 
to operates on approximation DWT coefficients. These coefficients are divided into number of sub blocks of size 
n*n (e.g. 2x2, 3x3, 4x4, etc), and find the average value of each sub block to form a new matrix. Each entry in the 
matrix represents the average value of their respective sub-blocks. Consider 3*3 sub matrix to determine the LBP 
value of each element in the matrix as shown in Figure (2). 
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The LBP value of the central element in the sub matrix is computed by comparing it with its neighbourhoods is 
given by Eq (1)  
 
 
Figure 2. Sub-block pixels 
 
                                      Histogram of LBP matrix of size M*N is determined by the Eq (2) 
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            The binary value of an LBP is defined as the number of bitwise transitions and is calculated by the Eq (3) 
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In practice, the mapping from LBPP, R to 
2
,
V
P RLBP  (Superscript “V2” means that the uniform patterns have a V 
value of at most 2), which has P*(P-1) +3 distinct output values is implemented with a lookup table of 2p 
elements. 
The dissimilarity of sample and model histograms is a test of goodness-of-fit, which could be measured with 
nonparametric statistic test. In this study the dissimilarity between a test sample S and a class model T is 
measured by the Chi-square distance as shown in Eq (4). 
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Where N is the number of bins, Sn and Tn are the values of the sample and model images at the nth bin. 
 
2.2. Non-overlapping 
The new matrix which is an average value of non-overlapping sub blocks of approximation DWT coefficients of 
size n*n is calculated using Eq (5). The average value of non-overlapping sub blocks of new matrix depicted in 
Figure (3) which reduces storage. This reduction of storage is one of the solutions for volume characteristics issue 
in big data and used in face recognition.  Non overlapping sub blocks of an average values requires less memory 
by increasing the size of sub blocks and observed in the results.  
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                                                        Where P (i, j) is the pixel in the sub block 
                           
                                          Figure 3. Non- overlapping sub-blocks 
 
Parallel processing can be used to create a new matrix because of non overlapping sub blocks which in turn helps 
for big data. 
 
2.3. Hierarchical Multi-scale Modified LBP 
The performance of single basic LBP operator is limited. Multi-scale or multi-resolution will have more image 
feature. In basic LBP features of different scale are extracted first and then the histogram are concatenated to 
make a long feature. It suffers with huge feature dimension. In basic LBP non-uniform patterns are clustered into 
one “non-uniform” pattern. By this scheme much information is lost. To extract more useful features from the 
image LBP is modified to hierarchical multi-scale LBP. The pattern of bigger radius is non-uniform but its 
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counterpart in a smaller radius is uniform [1]. Proposed method builds multi-scale LBP histogram from big radius 
to small radius. Firstly consider the LBP map of the biggest radius. Then these pixels are divided into “uniform” 
to “non-uniform” patterns. Using “uniform” patterns build sub histogram and those with “non-uniform” patterns 
are further processed to extract their LBP patterns by smaller radius. This process is continued till it reaches the 
smallest radius or single pixel. Modified LBP gives better accuracy by considering less number of significant 
features in the face. With this it reduces complexity, time and storage. 
3. Experimental Results 
3.1 Images without noise 
 
Figure 4 shows that the input images without noise and a person with different positions are considered for 
modified LBP. The table1 shows that the percentage of recognition rate simulated for 100 different persons with 
different poses images of size 288×324 from MIT face database without input noise to the images. Recognition 
rate depends on the size of the non-overlapping sub blocks and also size of the new matrix created for modified 
LBP. If sub block size is small then percentage of recognition rate is high and threshold value rate is more 
because of localization. As sub block size increases percentage of recognition rate and threshold value slightly 
reduces. Using modified LBP methods for fixed neighbourhoods of multi-scale (Ps) and varying radius of the 
multi-scale (Rs) and block size gives in an average better percentage of recognition rates. 
 
 
                   
Figure 4. Input images without noise with different poses. 
 
 
Table 1. Recognition rate of images without noise using non-overlapping sub blocks. 
 
 
Non-overlapping 
sub block size in 
the input image. 
 
Size of a new 
matrix to the 
modified LBP. 
 
Modified LBP 
methods. 
 
Threshold value 
(ranges).  
 
% of recognition 
rate. 
 
2x2 
 
26x21 
Ps=8 
Rs=4,3,2,1 
Block size=10x13 
 
50 -60 
 
99.3 
 
3x3 
 
17x14 
Ps=8 
Rs=4,3,2,1 
Block size=10x13 
 
20-30 
 
99.11 
 
4x4 
 
13x11 
Ps=8 
Rs=3,2,1 
Block size=7x10 
 
10-20 
 
99.01 
 
5x5 
 
10x8 
Ps=8 
Rs=2,1 
Block size=6x8  
 
10-20 
 
99.00 
 
3.2   Images with noise  
 
Figure 5 shows that the input images with noise of peak-signal to noise ratio (PSNR) of 33 dB and a 
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person with different positions are considered for modified LBP. Table 2 shows that percentage of recognition 
rate with noisy images slightly reduces by considering the above simulations shown in table1.  
 
 
 
 
Figure 5. Input images with noise and different poses of a person 
 
Table 2. Recognition rate of images with noise using non-overlapping sub blocks. 
 
Non-overlapping 
sub block size in 
the input image. 
 
Size of a new 
matrix to the 
modified LBP. 
 
Modified LBP 
methods. 
 
Threshold value 
(ranges).  
 
% of recognition 
rate. 
 
2x2 
 
26x21 
Ps=8 
Rs=4,3,2,1 
Block size=10x13 
 
50 -60 
 
98.28 
 
3x3 
 
17x14 
Ps=8 
Rs=4,3,2,1 
Block size=10x13 
 
20-30 
 
98.13 
 
4x4 
 
13x11 
 
Ps=8 
Rs=3,2,1 
Block size=7x10 
 
10-20 
 
98.05 
 
5x5 
 
10x8 
Ps=8 
Rs=2,1 
Block size=6x8  
 
10-20 
 
97.82 
4. CONCLUSION 
As the present traditional processing models in the face recognition field uses huge amount of features to analyse, 
the proposed method uses Daubchive wavelet and modified LBP to overcome the above problem. Daubechive 
wavelet reduces information into few significant coefficients for less storage. Modified LBP is applied on these 
significant coefficients to extract very essential features to recognise the face. The experimental results ensure 
that the idea used in this paper archives simple, fast, accurate face recognition with very less significant data and 
higher percentage of recognition rate through effective threshold. This method helps in face recognition 
application like citizen identity cards, voters ID’s and social benefits. 
This in turn helps solving the volume issue of big data analysis in biometrics. The future work is applying some 
more technique to solve the big data characteristics to leverage existing biometrics to big data biometrics. 
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